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Abstract
Multi-level research that attempts to de-
scribe ecological eVects in themselves (for
example, the eVect on individual health
from living in deprived communities),
while also including individual level ef-
fects (for example, the eVect of personal
socioeconomic disadvantage), is now
prominent in research on the socioeco-
nomic determinants of health and disease.
Such research often involves the applica-
tion of advanced statistical multi-level
methods. It is hypothesised that such
research is at risk of reaching beyond an
epidemiological understanding of what
constitutes an ecological eVect, and what
sources of error may be influencing any
observed ecological eVect. This paper
aims to present such an epidemiological
understanding. Three basic types of eco-
logical eVect are described: a direct cross
level eVect (for example, living in a
deprived community directly aVects indi-
vidual personal health), cross level eVect
modification (for example, living in a
deprived community modifies the eVect of
individual socioeconomic status on indi-
vidual health), and an indirect cross level
eVect (for example, living in a deprived
community increases the risk of smoking,
which in turn aVects individual health).
Sources of error and weaknesses in study
design that may aVect estimates of eco-
logical eVects include: a lack of variation
in the ecological exposure (and health
outcome) in the available data; not allow-
ing for intraclass correlation; selection
bias; confounding at both the ecological
and individual level; misclassification of
variables; misclassification of units of
analysis and assignment of individuals to
those units; model mis-specification; and
multicollinearity. Identification of eco-
logical eVects requires the minimisation
of these sources of error, and a study
design that captures suYcient variation in
the ecological exposure of interest.
(J Epidemiol Community Health 2000;54:367–374)

The aim of this paper is to discuss epidemio-
logical issues in the investigation of ecological
determinants of health. There has been a
resurgence of interest in ecological research,
premised on the assumption that social con-
texts may shape health status as much as
traditional individual risk factors.1–7 In particu-
lar, many researchers of the socioeconomic
determinants of health are beginning to analyse
ecological and individual level exposures si-
multaneously, often using advanced multi-level

statistical methods.8–11 We are concerned that
the application of multi-level statistical meth-
ods may have surged ahead of a theoretical
framework in which to conduct meaningful
and robust analyses. In this paper we describe
briefly the historical background to multi-level
analysis, review possible categorisations of eco-
logical variables, and present three basic types
of ecological eVect. Then we explore the possi-
ble sources of error in ascribing ecological
eVects in multi-level analysis that we believe are
currently being overlooked in multi-level analy-
ses, and some general strategies to overcome
these sources of error.

Background
Research that combines the ecological and
individual level has a long history in sociology.
Durkheim is credited with the first such
attempt when he investigated suicide.12 During
and after the second world war interest in the
United States increased,13 with an ensuing
debate about the validity of ecological
eVects.14–18 That debate was about whether the
eVect of an ecological exposure on health is
causally valid, independent of explanatory and
intervening individual level causes. For exam-
ple, is it valid to consider ascribing causation to
the eVect of the ecological exposure “living in a
deprived community” on the outcome “indi-
vidual health status”? Or should we always seek
to reduce such observed associations to indi-
vidual level causal mechanisms like individual
socioeconomic status, smoking, and other risk
factors? In public health it is accepted that dis-
ease causation operates via chains, or webs, of
events,2 and most public health practitioners
are comfortable with the notion of proximal
and distal causes. For example, we have no dif-
ficulty attributing cases of whooping cough to
both exposure to the bacteria B pertussis (a
proximal cause), and the loss of herd immunity
(a distal or population level cause). Indeed,
disregarding distal causation may overlook
important causal mechanisms; immunisation
against pertussis will have less apparent benefit
if individual level protection (vaccine eYcacy)
only is considered, compared with also consid-
ering the impact of community level immuni-
sation on the background incidence of whoop-
ing cough.

Susser has proposed that links should be
made between possible levels of analysis,7 and
uses the analogy of chinese boxes.6 It is possible
to posit an infinite number of levels of organis-
ation, from the individual up (for example,
families, neighbourhoods, counties, states),
from the individual down (for example, body
organs, cellular matrices, DNA), and for over-
lapping units (for example, area of residence
and work environment). This paper considers
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the ecological and individual levels, and for
simplicity focuses on just a single ecological
and a single individual level; underlying princi-
ples can be extended to more levels (or
“chinese boxes”) if required.

Types of ecological variables
A classification of ecological variables is
provided in table 1, including the diVerent
terms for the same (or similar) variable used by
diVerent authors.1 19 20 In the epidemiological
literature, an “ecological variable” most com-
monly refers to the first variable in table 1, an
“aggregate variable”. Measures such as the
mean income of a group have a parallel at the
individual level, that is an individual’s
income.19 Some aggregate variables do not have
such direct parallels, for example the standard
deviations of an individual level variable.
Aggregate variables are used most commonly
in epidemiology to infer the association of the
parallel individual level variable (for example,
individual income) with some individual health
state (for example, self reported health). Such
“ecological inference” (or “cross level infer-
ence”) is perceived by some as the only reason
for conducting ecological research.21

At the other end of the spectrum from
aggregate variables are “global variables”,
which cannot be measured at the individual
level, and as such are uniquely ecological vari-
ables. In between aggregate and global vari-
ables are what Morgenstern (1998) refers to as
“environmental variables”.20 These variables
are the physical properties of the environment
(for example, sunlight hours) that can be
measured at either the ecological or individual
level, but are usually measured at the ecological
level for practical reasons, gaining eYciency
but sacrificing a determination of the actual
within group variation in exposure or dose (for
example, individual exposure to sunlight). The
fourth category in table 1 is the “structural
variable”, defined by Lazarsfeld and Menzel
(1961) as being the relationships and interac-
tions between individuals within a group.

While Lazarsfeld and Menzel defined the
structural variable as distinct from the global
variable, we believe that in most circumstances
structural variables could be assigned as global
variables—hence the dotted line in table 1.

The “contagion variable” may be defined as
the aggregate of the individual level outcomes.1

It is particularly applicable to infectious disease
epidemiology where, for example, the number
of infected people aVects the risk of the
infection for other non-immune individuals in
the same population.22 Wilson and Daly (1997)
have proposed a similar “dependent happen-
ing” related to socioeconomic factors and
health.23 In a study of Chicago neighbour-
hoods, they concluded that their results were
consistent with life expectancy itself being a
determinant of risk taking. People living in a
neighbourhood with a low life expectancy may
be more likely to indulge in high risk
behaviours as there is “less to lose”.

What does an ecological eVect look like?
The two level model used in this paper includes
three types of variable: the ecological expo-
sure(s), X; the individual level exposure(s), x ;
and the individual level outcome, y. There are
three ways that X can have a cross level eVect
on y: by directly aVecting y (direct cross level
eVect); by modifying the relation between x
and y (cross level eVect modification); and by
aVecting x, which in turn aVects y (indirect
cross level eVect). These ecological cross level
eVects are presented in figure 1. EVect modifi-
cation may also occur between ecological vari-
ables, but is not shown in figure 1 as it is a step
removed from the impact of one ecological
exposure on a health outcome—nevertheless it
is important when two or more ecological
exposures are considered simultaneously.

In a reductionist sense, ecological variables
cannot impact “directly” on individuals; instead
their eVect must be mediated by intermediate
variables at the individual level.24 For example,
possible mechanisms linking income distribu-
tion to health include: variations in individual’s

Table 1 A classification of ecological variables

Ecological variable Description Examples

Aggregate (Morg) Aggregate of attributes measured at the individual level. It is
often expressed as a measure of central tendency (eg, mean,
median), but may be extended to include measures of variation
of individual level variables (eg, standard deviation).

Mean income
Contextual (Susser) Median social class
Analytical (LM) Proportion smoking

Area based composite indices of need/
deprivation
Income inequality

Contagion (Susser) Aggregate of the individual level outcome, rather than
exposure(s), that in turn aVects the probability of the same
outcome in individuals in the same population who are not yet
aVected.

Prevalence of infectious disease
Suicide rate

Environmental (Morg) Physical characteristics of a place, with an individual level
analogue that usually varies between individuals (though it may
remain unmeasured at the individual level).

Hours of sunlight
Environmental pollutant
Latitude and longitude
Weather

Structural (LM) Measure the pattern of relationships and interactions between
individuals belonging to the group.

Social networks
Weather

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -
Global (Morg) Measure attributes of groups, organisations or places, and are

not reducible to the individual level. They are fixed for all, or
nearly all, individual group members.

Social (dis)organisation
Global (LM) Social capital
Integral (Susser) Legislation or regulation

Susser = Susser, 19941; LM = Lazarfeld and Menzel, 196119; Morg = Morgenstern.20
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access to life opportunities and material re-
sources (for example, health care, education);
social cohesion, whereby mutual support and
cooperation secure better health outcomes; and
possible direct psychosocial processes related to
relative perceptions of position on the socioeco-
nomic hierarchy.25 Taking the latter mechanism
of socioeconomic hierarchy to a lower level
again, animal models have found that experi-
mental manipulation of social status in mon-
keys aVects development of atherosclerosis.26

Likewise, social ranking of monkeys has been
associated with adrenocorticoid profiles.27

Therefore, it may be argued that neither direct
cross level eVect nor cross level eVect modifica-
tion are complete causal chains, but require
reduction to indirect cross level eVects as shown
in figure 1. However, to do so would require
perfect information on all possible variables.
Such reductionism is helpful to understand
aetiologically how ecological exposures aVect
health, but is often unnecessary, and may even
be counterproductive, for the identification of
intervention points for public health policy and
action.3 4 10 28 The choice of level of causation,
and hence the intervening variables to include
or exclude, may therefore be a pragmatic one.

As summarised by Helman (1984), “... the idea
of cause has become meaningless other than as
a convenient designation for the point in the
chain of event sequences at which intervention
is most practical.”29

Fallacies
Diez-Roux (1998) provides an excellent over-
view of four types of fallacy in multi-level
analysis: table 2 is adapted from this paper.30

The ecological fallacy is well documented in
epidemiology,31–33 being a false inference of the
association of individual level variables on the
basis of the observed association of the parallel
ecological variables. For example, national
GDP may be positively associated with motor
vehicle fatality rates by country, but within
countries the highest death rate from motor
vehicle crashes may be for the low income
groups. An example of the psychologistic
fallacy given by Diez-Roux is where immi-
grants in a particular study are found to have
higher rates of depression, but unbeknown to
the researcher this was only true for immi-
grants living in communities where they repre-
sent a minority. Ignoring this contextual eVect
may wrongly lead to assigning the increased

Figure 1 Three types of ecological eVect.
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rates of depression to an individual factor such
as race, rather than the context. The sociologis-
tic fallacy is opposite to the psychologistic,
whereby both analysis and inference occur at
the group level, but relevant individual level
variables are excluded. For example, ecological
studies may find an association of income
inequality with health status that is actually
attributable to confounding by individual
factors such as smoking. Multi-level research
tries to avoid all four of these fallacies, but the
ascription of ecological eVects (as in figure 1) is
particularly at risk of the sociologistic fallacy.

Estimating ecological eVects: study
design, sources of error and strategies to
correctly identify ecological eVects
In the remainder of this paper we consider
limitations in study design and sources of error
aVecting the estimation of ecological eVects,
and strategies to correctly identify ecological
eVects. The framework is organised under six
subheadings: ensuring variation of the ecologi-
cal exposure; precision and multi-level statisti-
cal methods; selection bias; confounding;
information bias; model specification and mul-
ticollinearity. Other authors have considered
sources of error giving rise to cross level bias, or
the ecological fallacy, in ecological inference of
an individual level association from the ob-
served aggregate level association.20 31–34 These
sources of error are not directly transferable to
multi-level studies, where ecological eVects in
themselves are estimated—however, there is
some overlap.

ENSURING VARIATION OF THE ECOLOGICAL

EXPOSURE

It is a “sine qua non” of epidemiology that to
detect any eVect there must be variation in the
exposure (and outcome) under study. This
essential prerequisite may be problematic for
ecological exposures. Often macro-level socio-
economic exposures (for example, income
inequality) do not vary within the eligible study
population (for example, state or country, or
more pragmatically the available dataset) at
one point in time. The identification of small
ecological eVects in a study may, therefore,
actually be just the tip of the iceberg, and
should not dismissed as inconsequential. When
there is insuYcient variation in the ecological
exposure in the eligible population at one point
in time, extension of the study design across
time or populations may provide the necessary
variation. Firstly, additional populations with
diVerent levels of the ecological exposure may
be added to the analysis (for example, cross
national studies). A likely drawback, however,
is a lack of comparability of unmeasured
covariates between populations/datasets. For

example, “culture” may vary between countries
and be independently associated with health.
Secondly, a times series study of one popula-
tion may capture variation in the ecological
exposure, but controlling for secular trends is
diYcult. Thirdly, data for both multiple
populations/datasets and diVerent time periods
may be combined in a mixed study design,33

thus combining the two former study designs.
This mixed study design allows a simultaneous
analysis of within group changes over time in
ecological exposure and outcome, and between
group variation in ecological exposure and
outcome. Unfortunately, datasets of this rich-
ness are likely to be rare.

PRECISION AND MULTI-LEVEL STATISTICAL

METHODS

Multi-level studies entail hierarchically clus-
tered units of analysis, for example individuals
within census tracts within counties. Such
study designs are subject to intraclass correla-
tion, whereby individuals within groups are
more alike than individuals across groups. Sta-
tistical analysis that ignores the multi-level
nature of the dataset may underestimate the
standard error of ecological eVects. To more
conservatively estimate the standard error of
ecological eVects, separate random error terms
may be specified for each level of analysis (that
is, randomly varying intercepts between eco-
logical units for the regression equation). Ran-
dom error terms may also be included for the
individual level coeYcients (that is, randomly
varying slopes between ecological units). Over-
views of multi-level statistical methods can be
found elsewhere.8 9 35 36 Given a fixed number
of individuals, the balance of the number of
ecological units to the number of individuals in
each ecological unit that maximises the preci-
sion of estimated ecological eVects is a complex
function of the intraclass correlation and
covariances. As a general study design rule in
social epidemiology, more precise estimates of
ecological eVects will usually be obtained by
increasing the number of ecological units com-
pared with just increasing the number of indi-
viduals within each ecological unit.

SELECTION BIAS

Selection bias is a potential source of error,
both from systematic bias in the selection of
individuals within ecological units, and the
possible selection of ecological units them-
selves.

CONFOUNDING

In general, there are two types of confounding
of ecological exposures: within ecological level
confounding by ecological covariates, and cross
level confounding by individual level covariates
(figure 2). Within ecological level confounding
is conceptually the same as confounding in sin-
gle level epidemiology—both the exposure and
confounders are at the same level of analysis.
Cross level confounding may be more concep-
tually challenging. A commonly cited example
is individual level income as a confounder of
the association of income inequality with
health.37 As the association of individual

Table 2 Types of fallacy in multi-level research (taken from Diez-Roux30)

Unit of analysis
Level of
inference Type of fallacy

Group Individual Ecological
Individual Group Atomistic*
Individual: relevant group level variables excluded Individual Psychologistic*
Group: relevant individual level variables excluded Group Sociologistic

*Also called individualistic by some authors.
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income with health is non-linear,38 it is possible
that the average income by ecological unit is
not associated with income inequality by
ecological unit, yet individual income could
still be confounding the association of income
inequality with health. To control for this cross
level confounding, individual income must be
included in the model and specified as a
categorical variable or some appropriate trans-
formation of absolute income (for example, the
natural logarithm).

Note that confounding purely within the
individual level cannot bias an ecological eVect,
unless one of the individual level confounders
is also associated with the ecological
exposure—which is cross level confounding.

An important issue in multi-level research is
that it may be diYcult to diVerentiate between
individual level covariates as confounders or
intermediary variables. If the latter, then “con-
trolling” for the individual level covariate will
lead to overlooking indirect cross level eVects.
For example, work in progress by one of us
(TB) suggests that the association of state level
income inequality with self rated health in the
United States is reduced when education is
included at the individual level. Should educa-
tion here be considered a confounder or an
intervening variable between income inequality
and health? The answer is not clear. It is
suggested that that less egalitarian states (that
is, states with high income inequality) tend to
under invest in education,39 thus placing
individual education, in part at least, as an
intermediary variable. Analyses with and with-
out the individual level covariate should be
presented to give an upper and lower bound

within which the reader may judge the “true”
ecological eVect.

It is possible to describe a third type of con-
founding of an ecological eVect that arises not
from the association of one covariate with the
ecological exposure, but the association of the
joint distribution of two or more covariates
with the ecological exposure. This possibility is
analogous to the demonstration by Greenland
and Morgenstern that eVect modification
within the individual level can result in cross
level bias in ecological inference.32 For exam-
ple, if smoking and alcohol consumption inter-
act at individual level in their association with
health, and the percentage of heavy alcohol
drinkers that were smokers varied by ecological
unit, and the variation in this latter joint distri-
bution was correlated with both the ecological
exposure and health outcome of interest, error
may occur in the measurement of an eVect for
the ecological exposure of interest. Such varia-
tion of the joint distribution of individual level
variables, over and above variation in their sin-
gular distribution, is probably unlikely.

INFORMATION BIAS

We broadly diVerentiate information bias here
into misclassification or mismeasurement of
the ecological exposure and covariates, and
incorrect assignment of individuals to groups
or ecological units of analysis.

Non-diVerential misclassification bias of
exposure nearly always causes a bias to the null
in single level epidemiology,40 but may cause
bias in either direction in multi-level research
dependent upon the nature of the exposure
(binary, or continuous) and the level of

Figure 2 Confounding as a source of error for estimated eVects.
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measurement (ecological or individual level).41

Consider a binary individual level exposure
(home ownership as a proxy for wealth)
non-diVerentially misclassified during
measurement at the individual level, and then
represented as an aggregate ecological variable.
Assume that the “unexposed” regions have
85% home ownership, the “exposed” regions
15% home ownership, and that there is a direct
cross level eVect of home ownership on health.
If home ownership was non-diVerentially mis-
classified at the individual level, then those
regions with 85% home ownership would have
a lower observed home ownership: if 10% of all
home ownership was recorded incorrectly by
individuals then ((85% × 0.90) + (15% ×
0.10)) = 78% (rather than 85%) will be
observed as home owners in the “unexposed”
regions. The reverse will happen for the
exposed region: 22% of individuals will be
observed as homeowners. If one then extrapo-
lates any direct cross level eVect for home own-
ership to the hypothetical instance of regions
with full home ownership versus those with
none, the ecological eVect will be overesti-
mated by (1/(0.78–0.22)) / (1/(0.85–0.15)) =
1.25, a bias away from the null.

Secondly, consider a continuous individual
level variable randomly mismeasured at the
individual level, and then represented as a
mean aggregate ecological exposure. Here,
there is no bias in the estimated ecological
eVect: the random mismeasurements for all
individuals within groups should sum to zero,
meaning that there is no bias in the summary
mean for the group. Thirdly, consider random
misclassification and mismeasurement of eco-
logical exposures measured directly at the eco-
logical level (for example, global and environ-
mental ecological exposures): here
measurement is at the same level as represen-
tation of the exposure, and eVect measures will
be biased to the null as for single level epidemi-
ology generally.

The lag time between an ecological exposure
and individual level health outcome is a form of
misclassification bias that deserves specific
mention. Many multi-level studies that con-
sider ecological socioeconomic exposures have
used cross sectional survey data.10 42 43 Not only
does this introduce the possibility of reverse
causation (health status aVecting the ecological
exposure), but it also implies a zero lag time
between exposure and outcome. It is usually
implausible for the eVect of an exposure to be
instantaneous, particularly in social epidemiol-
ogy. If the ecological exposure is stable over
time, then specification of a lag time may not be
necessary—otherwise incorrect specification of
lag time is another source of misclassification
bias. Investigation of lag times between socio-
economic ecological exposures and individual
outcomes is required.

Regarding non-diVerential misclassification
of confounders, misclassification of individual
level confounders and ecological level con-
founders (measured directly at the ecological
level) will generally reduce the ability to control
for confounding. However, for ecological
confounders that are first measured at the indi-

vidual level and then aggregated up, non-
diVerential misclassification during measure-
ment at the individual level may not reduce the
ability to control for confounding.44

An important issue is the grouping of
individuals into ecological units, yet the impli-
cations of grouping strategies are often
overlooked.43 45 The level of aggregation is con-
sidered under the next subheading (theory and
model specification); here the incorrect assign-
ment of individuals to groups is considered as
an information or misclassification bias. As an
example, consider an individual assigned to the
wrong neighbourhood in a study of the associ-
ation between neighbourhood cohesiveness
and individual health. A first bias is that the
level of cohesiveness for the assigned neigh-
bourhood may not be the same as the individu-
al’s true neighbourhood, resulting in misclassi-
fication of the ecological exposure for that
individual. Such misclassification might be
expected to be non-diVerential, biasing the
observed association of cohesiveness and
health to the null. A second bias may arise if the
measurement of cohesiveness was based on
aggregated individual level responses including
the incorrectly assigned individual, thus biasing
the observed level of cohesiveness for the given
neighbourhood. These two sources of bias are
magnified when grouping is not conducted
specifically for the given study, but instead
existent administrative groups (for example,
census tracts) are used with likely incorrect
assignment of both individuals and group
“boundaries”.42 43 The likely eVect of using
convenient rather than theoretically pre-
determined ecological units is a reduced ability
to detect any ecological eVect.

THEORY AND MODEL SPECIFICATION

There are numerous theoretical and model
specification issues that confront anyone doing
multi-level studies. We consider just a few
examples.

An ecological eVect may vary with the level
of aggregation. Soobader and LeClere (1999)
found a stronger association between income
inequality and morbidity at the county level,

KEY POINTS

x An ecological eVect in social epidemiol-
ogy is where an ecological exposure (for
example, income inequality) aVects an
individual health outcome, having al-
lowed for other variables.

x There are three types of ecological eVect:
a direct cross level eVect, cross level eVect
modification, and an indirect cross level
eVect mediated by intervening mecha-
nisms.

x Estimating ecological eVects in multi-
level studies is prone to numerous sources
of error.

x Identified ecological eVects will often be
small, as variation in ecological exposures
in a given dataset will often be small com-
pared with the theoretically relevant vari-
ation.
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compared with the census tract level, in the
United States.46 The authors concluded that
the level of aggregation was important, such
that at lower levels of aggregation (census tract)
the eVect of income inequality was “mediated
through neighborhood consequences of in-
come inequality and individual processes”.
Thus, not only may the strength of the
observed association vary by level of aggrega-
tion, but so too may the mechanisms. Extend-
ing Soobaders and LeCleres’ example, the pos-
sible underlying mechanism of income
inequality aVecting health at the census tract
may be relative perceptions of social hierarchy,
at the county level may be via segregation of
neighbourhoods, and at the state or national
level may be via policies that aVect individual’s
access to life opportunities and material
resources (for example, health care, educa-
tion). Thus, both the quantitative and qualita-
tive association of an ecological exposure with
an individual level outcome may vary by level
of aggregation. The correct level of aggregation
for socioeconomic ecological variables is the
subject of ongoing research.

Often only direct cross level eVects are con-
sidered explicitly; cross level eVect modifica-
tion and indirect cross level eVects are implic-
itly overlooked. For example, Boyle and Willms
(1999) found little association between “place”
variation in health status in a multi-level study
using the Ontario Health Survey, having
included individual level covariates.43 The
authors interpreted this as suggesting little or
no ecological eVect. Such conclusions may be
valid for the allocation of health resources at a
given point in time for a given society, but they
are not necessarily aetiologically valid (as
acknowledged by Boyle and Willms). By
default, the conclusion of little or no ecological
eVect pertains only to little or no direct cross
level eVect: cross level eVect modification was
not considered, and individual level covariates
of education and income were assumed to be
confounders rather than components, in part at
least, of any indirect cross level eVect. More
generally, the study by Boyle and Willms, and
others (for example, Duncan et al10 42), high-
lights that a lack of variation in health status by
place may not reflect a lack of ecological eVect,
but more a lack of variation in ecological expo-
sures within the given population, time period,
or dataset—the subject of the first subheading
in this section. Regarding cross level eVect
modification, the researcher must be explicit
whether an underlying additive or multiplica-
tive model is assumed. Rothman and Green-
land argue that an additive model is the
causally relevant one, requiring modelling
strategies other than just including interaction
products in multiplicative regression models.40

Two final sources of error in multi-level
analysis require mentioning: model mis-
specification and multicollinearity. As an exam-
ple of the former, the association of individual
income with health is non-linear,38 and will be
a source of error if not modelled as either a cat-
egorical variable or some non-linear function of
income. Little is known about the form of the
relation of ecological exposures with health. It

would be prudent, therefore, to model ecologi-
cal variables as categorical variables in the first
instance. Multicollinearity is more likely for
ecological variables than for individual level
variables,33 and may make it impossible to esti-
mate independent eVects for more than one
ecological exposure simultaneously.

Conclusion
Multi-level studies, and the accompanying sta-
tistics, are complex. The motivation for this
paper was our own diYculty grappling with the
complexity of multi-level studies, in particular
the actual implementation of the call to incor-
porate the ecological level into epidemiological
practice.6 7 We anticipate that as researchers
move beyond the initial exhilaration of apply-
ing the “magic” of multi-level statistical meth-
ods to data, there will be an increasing and
necessary focus on theory, study design, and
sources of error. For example, it is likely that
studies will suggest that a range of ecological
exposures are related to health, but multicol-
linearity between these ecological exposures
will beg the question “‘which ones are the
important ones”, and “what is the causal web”?
In this paper we have attempted to step back
from the statistics and clearly define the nature
of an ecological eVect, the sources of error that
may be incurred ascribing an ecological eVect,
and research strategies to enhance (correct)
identification of an ecological eVect. Specific
recommendations we make to other research-
ers conducting a multi-level study include:
x consider each of the three types of ecological

eVect (direct cross level eVect, cross level
eVect modification, and indirect cross level
eVects)

x consider whether there is suYcient variation
in the ecological exposure in the available
dataset

x assess possible sources of error (selection
bias, confounding, and information biases)

x present results both with and without an
individual level covariate in the model when
it is possible that the individual level covari-
ate is an intervening variable between the
ecological exposure and individual health
outcome

x consider time lags between exposure and
outcome

x consider the limitations of the ecological
units available on administrative datasets

x conduct sensitivity analyses with diVerent
models and datasets.
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